Remote sensing applications in agriculture are presented as a very promising reality, but research is still needed for the correct use of spectral data. The objective of this study was to evaluate the spectral-temporal patterns of eleven wheat cultivars (Triticum aestivum L.). The experiment was conducted in Cascavel, PR, in the year 2014. With the help of the GreenSeeker and FieldSpec 4 terrestrial sensors, spectral signatures were determined and the temporal profiles of the Normalized Difference Vegetation Index (NDVI) were created. Statistical differences between wheat cultivars were analysed using analysis of variance (ANOVA) and Scott-Knott test. Grain yields obtained with INSEY (In-Season Estimate of Yield) factors were correlated. NDVI normalized by degree-days accumulated from the Feekes growth stages 2 and 8 showed to be more consistent in the estimation of grain yield, explaining approximately 70% of the variation. At the Feekes stage 10.1, wheat cultivars presented different spectral patterns in the near and medium infrared bands. This suggests that these spectral bands can be used to differentiate wheat cultivars.
Introduction
Remote sensing (RS) has stood out as a technique that allows to monitor agricultural crops along their development cycle (Gao et al., 2017) . Vegetation indices are contrasts of the reflectances of the spectral bands, and the normalized difference vegetation index (NDVI) (Rouse Junior et al., 1974) is widely used in agriculture, because of its easy application, allowing a fast and efficient detection of variations in the vegetation (Bernardi et al., 2014) .
Studies have already been conducted demonstrating the strong correlation between NDVI and photosynthetically active radiation (PAR) (Gamon et al., 1995) , leaf area index (LAI) (Fassnacht et al., 1997) , quantity of biomass and nitrogen of the agricultural crops (Hansen & Schjoerring, 2003) . However, for conditions in which there is greater soil cover by plants, NDVI may saturate and become insensitive to alterations in LAI and biomass (Povh et al., 2008) . Despite such limitation, efforts have been made to improve the capacity of remote detection of crop yields using NDVI (Mulla, 2013) . Raun et al. (1999) , in studies on the wheat crop, developed the INSEY (In-Season Estimate of Yield) model, which allows to correlate grain yield with NDVI.
In-situ radiometric measurements may provide detailed data on the spectral characteristics of the targets, allowing to spectrally characterize different objects with no interference of external factors (Martins & Galo, 2015) . Passive sensors detect the solar radiation reflected by the canopy, whereas active sensors emit modulated light by an auxiliary source that will be captured by the sensor, equaling operating under different lighting conditions (Stamatiadis et al., 2010) .
In this context, the present study aimed to characterize the spectral-temporal pattern obtained by active and passive terrestrial sensors of eleven wheat cultivars (Triticum aestivum L.), aiming to correlate the spectral pattern of the wheat crop with its grain yield and growth stages, to evaluate the existence of spectral differences between cultivars.
Material and Methods
The experiment was carried out in 2014, in an experimental area of the Research Center of the Agricultural Research Central Cooperative -COODETEC, in the municipality of Cascavel, PR, Brazil (24° 53' S; 53° 23' W; 781 m). The climate of the region is classified as mesothermal subtropical (Cfa), according to Köppen's classification and the soil of the experimental area is classified as dystroferric Red Latosol (EMBRAPA, 2006) . Plots were installed following the agricultural calendar of the crop for the region, with sowing in May and harvest in September.
The experimental design was in completely randomized blocks with three replicates, using the cultivars as treatments randomly allocated in each block. Plots had dimensions of 5 x 1 m (5 m²), with 6 planting rows spaced by 0.17 m. Plots were spaced by 0.5 m and each block was isolated by 2.5-m-wide corridors. The following wheat cultivars were evaluated: CD104, CD108, CD116, CD150, CD154, CD1440, CD1550, BRS Guamirim, BRS Pardela, Mirante and Quartzo, intended for grain production. Sowing was performed using 360 seeds m In the beginning of the tillering stage, the herbicide Iodosulfuron-methyl (0.1 kg of a.i. ha -1 ) was applied to control oats (Avena sp.) and, two weeks later, Metsulfuron-methyl (4 g ha -1 ) was applied to control dicotyledons. Pests were controlled using the insecticide Methamidophos, from the chemical group of the organophosphates, at dose of 300 mL ha -1 . During the crop cycle and through the terrestrial sensors GreenSeeker TM (NTech Industries Inc., Ukiah, CA, USA) (active) and spectroradiometer FieldSpec 4 (Analytical Spectral Devices, Boulder, CO, USA) (passive), readings were taken at 7-day intervals, and this time interval varied only when the climatic conditions did not allow data collection at field.
For the measurements with GreenSeeker, in each plot, the device was positioned at canopy height of 0.80 m, covering 5 linear meters in approximately 8 seconds, totaling 80 replicates in each plot. With FieldSpec 4, readings were taken between 10 and 12 h. In each block, the device was calibrated using a BaSO 4 plate to determine the radiance of a reference Lambertian surface and, immediately after, in each plot and under the same lighting conditions, reading was taken in a previously randomly selected point. For each point, four readings were taken with the sensor positioned 1 m above crop canopy and its extremity was facing down. Readings were punctual and centered in the plant row. Such arrangement allowed a field of view of approximately 0.40-m diameter.
Crop growth stages were identified in all field surveys. Thus, vegetation index values were separated according to the Feekes growth stages (Large, 1954) . At the end, plots were harvested and the data were transformed to kg ha -1 , thus obtaining the yield of each plot.
The collected RS data were used to generate temporal profiles of the NDVI (Rouse et al., 1974) , for each wheat cultivar. In the statistical analysis, normality was verified by Kolmogorov-Smirnov test and Pearson correlation coefficients (r) were estimated between grain yield and NDVI in different wheat growth stages. After that, analysis of variance (ANOVA) was applied, followed by the Scott-Knott test at 0.05 probability level in the R statistical software, to compare the responses of the NDVI between cultivars and their growth stages.
For grain yield estimation, NDVI data were normalized by the factors DFP INSEY (Eq. 1) and GDD INSEY (Eq. 2), used by Teal et al. (2006) , taking into consideration sowing date and cumulative growing degree-days (GDD) (Eq. 3) calculated based on maximum (T max ) and minimum (T min ) temperatures of each day and on the basal temperature (T b ) of 4.4 ºC for wheat.
where:
DFP -number of days from planting to the reading date; and, GDD -cumulative growing degree-days from planting date to reading date.
Results and Discussion
The variation in minimum and maximum temperatures and rainfall along the experiment is presented in Figure 1 . The results were within the historical average of the region, with rainfall of 923 mm and mean ten-day temperature of 18 ºC. According to Cordeiro et al. (2015) and Farooq et al. (2011) , the water demand of the wheat crop is in the interval from 400 to 650 mm and the optimal mean ten-day temperature between 19 and 24 °C.
The correlations between grain yield and NDVI change according to the wheat growth stage (Table 1) . After verifying data normality at 5% significance, through Pearson linear correlation, higher correlation (r = 0.57) was observed in the beginning of the spike production stage, corresponding to the Feekes growth stage 10.1. Similar results were obtained by Wang et al. (2014) , who found the same trend regarding the development stages, but with better correlations between NDVI and grain yield, obtaining r = 0.82 at the Feekes stage 10.
The lower correlations between NDVI and grain yield can be partially explained by the considerations of Wang et al. (2014) . For these authors, a local calibration is necessary to correlate NDVI and yield, because environmental factors such as radiation, temperature, rainfalls and genotypic variations can contribute to the inconsistency. By studying eleven wheat cultivars, genotypical variations were incorporated to the correlation between NDVI and yield, causing its reduction, confirming the necessity of calibration. Yousfi et al. (2016) , studying the yield of two wheat varieties, at two growth stages and three doses of fertilizers, found coefficients of correlation between NDVI and grain yield from 0.36 to 0.74, a range similar to that found in the present study.
Better correlations were found in the attempt to portray wheat yield and NDVI, by normalizing the spectral index by time (DFP INSEY) and degree-days (GDD INSEY), according to Raun et al. (1999) . It can be claimed that the improvement of the estimates is related to the intrinsic characteristics of the wheat crop, since the degree-days factor indirectly reflects the metabolic activity of the plant. The results corroborate the claims of Fischer (2011) , that wheat cultivars show little or no response to photoperiod and that development processes are mainly controlled by temperature.
It is noted that, considering the normalized NDVI, better correlations occurred in the vegetative growth stages corresponding to the Feekes growth stages 2 to 8 of the wheat crop, and the Feekes growth stage 8 led to more correlated data, compared with other development stages (Table 1) .
Good fits between INSEY and grain yield were not observed in the advanced growth stages (Feekes 10.1 to 11). In this same premise, Raun et al. (1999) recommended that Feekes vegetative growth stages 4 and 5 should be used to calculate the INSEY factor for the wheat crop, because in the Feekes stage 10.1 the wheat crop is already in the spike production stage and completely covering soil surface.
On the other hand, multi-temporal RS data can provide more reliable and useful information than the collection on a single date when grain yield estimation is intended. For the determination of INSEY factor considering the period between two or more growth stages, in general, the correlations increased and the highest value was obtained when related to the combination of the Feekes stages 2 to 8, which can explain 70% of the wheat yield variation (Table 1 ). This approach considers the increment of NDVI (∆ NDVI ) and the time (∆t) or growing degree-days (∆ GDD ) necessary for the passing from Feekes stage 2 to Feekes stage 8. Sharabian et al. (2013) also obtained higher correlations in the estimates of potential grain production for the wheat crop using the combination of vegetative stages (Feekes 4 -6). Thus, better estimates of yield of agricultural crops by remote sensing can be obtained when a multi-temporal analysis of vegetation indices is performed (Wang et al., 2014) .
For comparison between cultivars, the response of NDVI measured by the active sensor (GreenSeeker) and passive sensor (FieldSpec 4) along the wheat growth stages, was evaluated (Table 2) .
There were significant differences of NDVI values for the cultivars in the growth stages; however, these differences seem to be more related to physical factors than to genetic factors. In the beginning of wheat development, period of tillering and stem elongation, which corresponds to the Feekes stages 1 to 10, NDVI measurements between the cultivars were more distinct. Such distinction can be attributed to the influence of the soil, since in the initial development stages the size of the plants does not allow full soil cover, while most of the area in the plot is not fully covered by the wheat crop. Rissini et al. (2015) also attributed the differences observed in the initial stages of the wheat crop to the influence of the canopy, which may interfere with NDVI levels, because at this moment the crop does not have sufficient biomass to completely cover the soil, and the readings were exposed to both the uncovered soil and the organic matter present in the soil. The statistical differences found at the end of the cycle can be attributed to the different leaf architectures, which vary according to each one of the cultivars. The results corroborate, therefore, the study of Grohs et al. (2009) , in which there were no significant differences of NDVI in the five wheat cultivars. These authors inferred that the difference in the values of reflectance between cultivars in the range of near infrared and red is not sufficiently relevant to indicate their productive potential.
In the spectral signature of the wheat cultivars ( Figure  2) , obtained in the Feekes stage 10.1, difference was found between the reflectance values in the ranges of near infrared (750-1300 nm) and medium infrared (1450-1800 nm). Similar results were obtained by Thorp et al. (2015) , studying cotton cultivars. These authors found higher variability of reflectance in the near infrared (760-1350 nm) compared with the visible (400-700 nm) and medium infrared (1450-2400 nm).
The results suggest that spectral information of near infrared and medium infrared can be an alternative to differentiate wheat cultivars, such as the NDMI (Normalized Difference Moisture Index) used by Jin & Sader (2005) , to study vegetation.
Conclusions
1. Development stage influences the correlation between grain yield and NDVI.
2. The normalized NDVI (GDD INSEY), obtained by reflectance readings at the Feekes growth stages 2 to 8, showed to be more consistent in the estimation of grain yield, explaining 70% of the variation in wheat grain yield.
3. With the utilization of RS as auxiliary tool in the selection of genotypes of agricultural crops, phenotypic differentiations between wheat cultivars could not be determined using NDVI.
4. The studied wheat cultivars showed different spectral patterns in the range of near infrared (750-1300 nm) and medium infrared (1450-1800 nm) in the Feekes growth stage 10.1, suggesting that these spectral bands can be used to differentiate wheat cultivars. 
